Introduction
Current performance of extra virgin olive oil market requires daily updating of quality standards whilst maintaining prices.
Therefore, many specialists have aimed at improving critical working procedures at specific or general levels, as shown in specialized publications [4, 5] . Recent commercial strategy has shown that requested industrial oil production is capable of obtaining a high quality marketable product. This improved oil production quality can be optimized with automatic controlling systems on the mechanical extraction lines, capable of numerous quality procedural improvements [9] .
The improved quality of olive oil extraction can be obtained using specific software able to control the whole process and manage the variables involved. The main objectives of the control process system are minimizing oil quality faults for not perfectly cultivated, picked and stored olives, and maximizing extracted oil quality levels for well cultivated, picked and stored olives.
Study objective has been the realisation of a numeric-modelling instrument for assessing agronomical and technical values, defining olive and process characteristics.
Materials and methods

Model general description
In order to realize a model capable of assessing operative conditions and process parameters, a specific software has been developed using artificial neural networks [8, 18] . This software is able to model the extraction process realizing a quantitative and analytical control of extra virgin olive oil quality characteristics [1, 2, 3] . First, using few agronomical parameters (olive harvesting period, ripeness, sanitation, storage and temperature), and few technologic parameters (crusher-mill typology, malaxing-machine typology, temperature and time of malaxing, dilution water percentage, extraction temperature), a model able to evaluate or simulate extracted oil quality has been realized. Particularly, this model allows: -to obtain prefixed oil quality levels controlling some process parameters during the extraction; -to simulate a specific extraction process determining, at the same time, olive oil quality. The process steps considered in this model range from olive sorting to oil extraction. Each step (see Table 1 ) influences oil quality characteristics (acidity, peroxide number) according to some process parameters and the corresponding influence weight [17] (see Table 2 ).
Although variable, the weight for the main oil quality values are influenced by agronomical, rather than technical, parameters in olive processing. Oil quality characteristics during olive processing period [6, 7] result from geographical and climatic conditions.
The model realized with its application-oriented software concerns to Tuscany, even though it can be adapted to any other geographical area with similar data to those presented here.
The data used comes from different experimental tests carried out in Tuscany, during olive harvesting from 1997 to 2004 [6, 7, 17] . Using this information, a database of agronomical and technical parameters with corresponding quality-quantity oil extraction values (see Table 1 ) has been realized. This includes more than 300 samples referred to different olive lots, working periods, extractive processes, geographical areas, etc.
The modelling software has been developed using Matlab® toolboxes; results have been validated by experimental tests held at the "Santa Tea" oil mill in Reggello (Florence) and "Torre Bianca" oil mill in San Casciano in Val di Pesa (Florence); olive oil analysis have been carried out at the Chemical Laboratory -Special Agency of C.C.I.A.A. in Florence.
Model development steps
Work procedure has been developed in the following steps ( Fig. 1 ): 1. creating a homogeneous temporal database, containing all harvest data during the period 1999-2003; 2. creating an artificial neural network system, capable of estimating acidity and peroxide number in extracted oil, malaxing temperature and time, dilution water at decanter inlet. 3. defining acidity and peroxide number estimate with corrective factors that consider other technical parameters in the extractive cycles and agronomical fruit characteristics.
The experimental tests used for this work have been carried out during different years. Moreover, a preventative data homogenization in relation to the database time periods has been necessary: the experimental values of acidity and peroxide number have been multiplied for valid influence factors eliminating processing period influence (see Table 3 ).
Once the homogenized database has been available, a model using artificial neural networks has been implemented, with the aim to define the output values as function of some technical parameters (see Fig. 1 ). The process period influence factor for each oil quality parameter (acidity and peroxide number) is the ratio between average value made out for a specific process period and the value measured during the reference process period (for example the beginning olive harvesting), considering the annual average amount of experimental samples.
The artificial neural networks [8, 18] can be seen as algorithms capable of imitating the irregular learning mechanism of biological organisms. This is a complex system built with calculating cells (neurons), capable of reconstructing the function linking an input to its output, after an iterative training on a correct input-output set. This training ends when the difference (or error) between training output and estimated output is enough small. In this research artificial neural network is used also because it may be easily updated with following collected data.
The calculating system developed consists of FF-BP (Feed-Forward Back Propagation) artificial neural networks with sigmoidal activation functions and Levemberg-Marquardt training algorithm [12] The calculating system effectiveness has been checked using database samples not utilized during the training phase.
The comparison between calculated and effective (known) value has shown an average error of 9%. This shift is linked to two parameter evaluation using just three technical parameters, without considering agronomical fruit characteristics and other technical extractive cycle parameters. The achieved outcome is characterized by low accuracy level.
For these reasons, an improving accuracy procedure has been developed, considering other parameters affecting oil quality characteristics (Np, A). Artifi- cial neural network output is multiplied by influence factors for agronomical and technical parameters (see Fig. 1 ). Using experimental database samples, analytical correlations between quality parameters (oil peroxide number and acidity) and both agronomical and technical parameters, not used in neural network systems, are determined. Thus specific influence factors were deterministically obtained: these factors multiply neural network system outputs, increasing system accuracy level. Working procedure has been defined as follows: 1. oil peroxide number and acidity average values were associated to each process parameter state; 2. population of reliable samples for olive origin, storing and process homogeneity, has been selected for each process parameter; 3. reference-state, characterised by influence factor equal to 1, has been defined for each process parameter; 4. influence factors of not reference-state have been calculated as ratio between the state average value (oil peroxide number or oil acidity) and the reference-state one; 5. each calculated influence factor, excluding olive processing period, has been calculated using the process phase influence weights. If factor is less than 1, it is equal to 1 minus the product between two factors: the influence weight concerning the process parameter and the difference between 1 and the process parameter value. For example, the olive storage influence factor equivalent to 0.8 has been corrected to 1 -0.3 (1 -0.8) = 0.94. The difference (1 -0.8) depends on storage method (30%) and on other parameters (70%). If factor is more than 1, it is equal to 1 plus the product between two factors: the influence weight concerning the process parameter and the difference between the considered process parameter value and 1. For example, olive storage influence factor equivalent to 1.8 has been corrected to 1 + 0.3 (1.8 -1) = 1.24.
Influence factor definition
The weighed influence factor of ripeness for processed olives has been calculated, using different levels of ripeness and considering green olive percentage (%VE), optimal ripening (%IN) and advanced ripening (%MM) [11] . The ripeness influence factors on oil peroxide number (c_gm_Np) and acidity (c_gm_A) are expressed as follows:
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Similarly, the weighed influence factors of sanitation level for oil peroxide number (c_ss_Np) and acidity (c_ss_A), have been defined as weighed average of undamaged olives percentage (%SA), partially damaged (%PD), totally damaged (%TD) [11] :
Concerning storage methods [10, 17] , the influence factors have been obtained using data of sanitation levels, considering a weight of 30% instead of 50%.
The acidity influence factor (coef_A) of olive temperature at the beginning of the process (T olive ) has been defined by the following interpolated quadratic equation:
using ξ = 0,0015, β=-0,003, γ=0,75.
Influence factors concerning crusher-mill [7, 17] , and malaxing machine [6, 7, 11, 13, 17] are shown in Table 4 .
The weighed oil temperature influence factors at decanter outlet (T ol_us ) has been defined as follows:
Using data available, nor significant olive temperature at the beginning of the process, neither malaxing machine type influence factors for oil peroxide number have been found.
Simulation
The software developed can be used either for testing extracted oil quality, or for simulating a process and evaluating its performance. Oil temperature at centrifugal decanter outlet cannot be insert without considering other process parameters. The oil temperature must be determined knowing mass and energy balances for process chain (Fig. 2) .
The centrifugal decanter can be studied as an open, adiabatic and surface limited system [5, 14, 15] , without energetic losses, with two mixed input flows (malaxed paste and dilution water). Using external energy supply, the olive oil paste is centrifugally separated in three output flows: pomace, water with oil traces and oil with water traces (see Table 5 ). This simplified approach has been developed with the aim to generalize computing procedure; otherwise a detailed model of each machine considering its own technical characteristics must be realized.
To simulate an olive oil extraction process, this centrifugal decanter schematization allows to set energy and mass balance equations, from which output decanter parameters can be computed as input functions. Applying this methodology the output temperature of the oil with water traces, its weighed influence factor and olive oil quality can be evaluated (Fig. 2) .
The centrifugal decanter energy balance is given as follows: During malaxing phase, each olive cultivar produces paste with specific rheological characteristics. With the aim to simplify the modelling approach, two rheological reference condition have been defined: PASTE TYPE 1: oil micro-drop coalescence requires nor long time, neither high temperature during malaxing process, but water addition can allow easier flow centrifugal separations. PASTE TYPE 2: rheological characteristics make mechanical processes difficult. To reduce liquid flow emulsions and to improve oil micro-drop coalescences, the increase of malaxing process time and temperature and the reduction of dilution water quantity can allow easier flow centrifugal separation.
Using available data [11, 16] , the average percentage of mass composition (see Table 6 ) for each paste type has been determined.
Specific heat of the paste can be calculated for malaxing machine output (or centrifugal decanter input) as weighed average values of mass percentages from Similarly, specific heat can be calculated for centrifugal decanter outlet flows (water containing oil traces, oil containing water traces, pomace) as follows: c sa =0.035c ol +0.365c aq +0.60c sec =0.162 kJ/kgK c a_us = 0.01c ol +0.90c aq +0.09c sec =0.227 kJ/kgK (11) c ol_us = 0.90c ol +0.09c aq +0.01c sec =0.112 kJ/kgK Available data regarding outlet flows from centrifugal decanter [6] have shown difference between water temperature (containing oil traces) and oil temperature (containing water traces), varying in the range [0.5;2.2] K with an average value of 1,4 K:
Three-flow decanter data available report pomace temperature lower (-1 K) than water temperature, as following from centrifugal decanter model: centrifuged mass internal friction transforms kinetic centrifugal energy into heat; heat is conducted from decanter shaft towards rotational drum, causing temperature increasing according to each compound specific heat. Water, having an high specific heat and interposing between oil and pomace, determines an higher water-pomace temperature gradient than oil-water one:
A three equation system has been drawn for the decanter inlet and outlet mass balance, considering the whole extraction time (t estr ): Using simulation model, decanter inlet paste temperature (T pa_in ) has been set at approximately average malaxing temperature using software in simulating mode.
Using weighed averages and calculated mass flows, the software can be applied to two-flow or three-flow decanters.
Results
Exceptional climatic conditions verified in Tuscany during the 2003 decrease olive production of 60-80%, even 90% in some areas. Therefore initial model testing was very difficult because of production area and oil-mill identifications. To overcome these difficulties, software validation procedure has taken a long time and was divided into two distinct steps: verification and validation. The first step (verification) verifies that software outputs present a sufficient accuracy (Table 7) was taken from a three-flow decanter oil mill with two low temperature final separators ("Santa Tea" oil mill in Reggello (Florence)); 2006 samples were taken from a two-flow decanter oil mill with without final separators ("Torre Bianca" oil mill in San Casciano in Val di Pesa (Florence)). Tables 8 and 9 compare database samples with software outputs concerning verification and validation phases as described above. It appears how soft- ware output is consistent as shown by average value either in verification and in validation process. Software determines oil peroxide number value into laboratory confidence range for each sample, as shown by chemical analyses results (see Fig. 3 ). Concerning acidity output, software has performed well: compared to laboratory confidence range central value, software output shows an error distribution confirming approach effectiveness (see Fig. 4, 5 ).
Conclusions
Comparing laboratory and software results, this initial software development phase can be deemed valid (see Table 9 ). However, further improvements are required. This modelling software can be used in automatic control mode or in simulating mode and it can reduce laboratory analyses number, reducing laboratory analyses number.
Further specific tests could quantify the influence of various parameters concerning olive oil quality (cultivation, olive tree micro-environment, storing conditions, paste granulometry, etc.). These added information could extend software coverage to the whole olive oil productive line.
This research shows the feasibility of an algorithmic modelling approach to olive oil production, using deterministic or stochastic tools according to numerousness of available data. The availability of wide sample set could make it possible to apply the developed methodology to specific olive mill.
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